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Chapter 9
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ABSTRACT
Drought monitoring is an essential component of drought risk management. It is usually
carried out using drought indices/indicators that are continuous functions of rainfall and
other hydrometeorological variables. This chapter presents a few examples of how
remote sensing and hydrologic modeling techniques are being used to generate a suite
of drought monitoring indicators at dekadal (10-day), monthly, seasonal, and annual
time scales for several selected regions around the world. Satellite-based rainfall esti-
mates are being used to produce drought indicators such as standardized precipitation
index, dryness indicators, and start of season analysis. The Normalized Difference
Vegetation Index is being used to monitor vegetation condition. Several satellite data
products are combined using agrohydrologic models to produce multiple short- and
long-term indicators of droughts. All the data sets are being produced and updated in
near-real time to provide information about the onset, progression, extent, and intensity
of drought conditions. The data and products produced are available for download from
the Famine Early Warning Systems Network (FEWS NET) data portal at http://
earlywarning.usgs.gov. The availability of timely information and products support
the decision-making processes in drought-related hazard assessment, monitoring, and
management with the FEWS NET. The drought-hazard monitoring approach perfected
by the U.S. Geological Survey for FEWS NET through the integration of satellite data
and hydrologic modeling can form the basis for similar decision support systems. Such
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systems can operationally produce reliable and useful regional information that is
relevant for local, district-level decision making.
9.1 INTRODUCTION
Drought is perhaps the most complex and damaging natural hazard. It can
recur frequently and cause considerable damage to agriculture, economy,
nature, and property, potentially affecting the lives of a large number of people
(Kogan, 1997). Four major types of droughts are broadly defined and agreed
upon in the scientific literature (WMO, 1975; Wilhite and Glantz, 1985; White
and O’Meagher, 1995; McVicar and Jupp, 1998): (1) meteorological drought
is caused by lower than normal precipitation for a prolonged period of time;
(2) agricultural drought is caused when plant available water falls below the
required limit usually during a critical crop growth stage; (3) hydrologic
drought is caused when one or a combination of factors such as stream flow,
soil moisture or groundwater is/are not available; and (4) socioeconomic
drought is caused when a loss occurs in expected return, usually measured by
social and economic indicators. In this chapter, we use a definition provided by
Tucker and Chaudhury (1987) that definesd“drought” as a period of reduced
plant growth in relation to the historical average caused by reduced precipi-
tation. This definition is similar to the agricultural drought definition, which
includes both natural and cultivated vegetation and is what we observe using
coarse to medium resolution satellite remote sensing data.
Drought usually involves a deficiency of precipitation that leads to reduced
soil moisture and diminished plant growth when prolonged over longer periods
of time (Crafts, 1968). The precipitation deficit will have different impacts
depending on meteorological conditions, ecosystem type, and socioeconomic
circumstances (McVicar and Jupp, 1998). Thus, the onset and impact of
droughts is highly variable over space and time and usually occur over large
areas. More than half of the terrestrial earth is susceptible to drought each year
(Kogan, 1997). Because drought is a recurring phenomenon and common for
all climate zones, it is difficult to predict and monitor drought using conven-
tional approaches over large areas.
Drought early warning and monitoring are crucial components of drought
preparedness and mitigation plans (Wilhite and Glantz 1985). They are usually
carried out using drought indicators that are continuous functions of hydro-
meteorological variables such as rainfall, vegetation activity, soil moisture
availability, etc. The success of drought preparedness and mitigation depends,
to a large extent, upon timely information about drought onset, progress and
areal extent (Morid et al., 2006). However, several countries (mainly devel-
oping nations) have limited institutional and technical capacity to monitor
drought and to mitigate its impacts. Moreover, information on drought onset
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and development is not readily available to agencies responsible for the pre-
paredness and mitigation of droughts. Furthermore, sparse data observation
networks result in inadequate spatial coverage, data quality, and time acces-
sibility problems for drought monitoring (Kogan, 1997; Thenkabail et al.,
2004). Recent technological advances in satellite remote sensing have
improved our ability to address complexities of early warning and efficient
monitoring of drought situations (Thenkabail et al., 2004). Satellite remote
sensing enables continuous drought monitoring over a variety of spatial and
temporal scales that can help to generate timely information on drought onset,
progress, and areal extent (Kogan, 1997).
The components of the agro-hydrologic system relevant to drought
monitoring that can be estimated or modeled from satellite remote sensing data
are: (1) rainfall; (2) vegetation condition; (3) soil moisture; (4) groundwater;
and (5) evapotranspiration (ET). Although rainfall and vegetation condition
can be directly estimated from satellite remote sensing data, other parameters
have to be modeled using agro-hydrologic modeling approaches.
This chapter describes how the operational satellite remote sensing
technology is being used by The U.S. Agency for International Development
(USAID), Famine Early Warning Systems Network (FEWS NET) to detect
drought early enough to assess and produce information for decision support
for drought-related hazards. FEWS NET manages an information system
designed to identify problems in the food supply system that lead to food
insecure conditions in sub-Saharan Africa, Afghanistan, Central America,
and Haiti. FEWS NET also provides access to a range of geospatial data,
satellite images and derived data and products in support of the monitoring
needs throughout the world as a part of the Early Warning and Environmental
Monitoring Program. Along with the National Oceanic and Atmospheric
Administration (NOAA) and The National Aeronautics and Space Admin-
istration (NASA), the U.S. Geological Survey (USGS) is responsible for
processing, modeling, and disseminating FEWS NET’s operational geo-
spatial products at http://earlywarning.usgs.gov/. Major users of the FEWS
NET products are USAID, the World Food Program (WFP), and national
governments. Drought products are regularly posted at the Early Warning
and Environmental Monitoring Program Web site at (http://earlywarning.
usgs.gov).
In accordance with the FEWS NET drought-monitoring initiative, a suite of
geospatial products and drought-monitoring indicators are produced. A list of
all drought indicators produced by the FEWS NET is presented in Table 9.1.
Broadly, based on how they are monitored/estimated using multisource remote
sensing data, these indicators can be grouped into the three categories: (1)
rainfall-based indicators; (2) vegetation index-based indicators; and (3) model-
based indicators. A detailed overview of these drought indicators is presented
in this chapter. Furthermore, examples of FEWS NET drought monitoring in
several regions and countries around the globe are presented.
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TABLE 9.1 List of Drought Indicators Produced Under FEWS NET
No. Drought Index/Indicator Method
Resolution/
Scale
Drought Indicator
References
Short-
term Seasonal Annual
1 Standardized precipitation index (SPI) Rainfall based 10 km Y Y Y McKee et al. (1993)
2 Start of season (SOS) Rainfall based 10 km e Y e Agrhymet, 1996
3 Rainfall anomaly Rainfall based 10 km Y e e Hiem (2002)
4 Dryness indicators Rainfall based 10 km Y e e Hiem (2002)
5 Normalized difference vegetation index
(NDVI)
Vegetation based 250 m Y Y Y Kogan (1997); Anyamba
and Tucker (2012)
6 Water requirement satisfaction index
(WRSI)
Hydrologic model based 10 km e Y e FAO (1986); Verdin and
Klaver (2002); Senay
and Verdin (2003)
7 Soil water index Hydrologic model based 10 km Y e e Senay and Verdin (2003)
8 Evapotranspiration Energy balance model 1 km Y Y Y Senay et al. (2013a)
Senay et al. (2011a);
Senay et al. (2011b)
9 Water levels Hydrologic model based Point scale Y Y Y Senay et al. (2013b);
Velpuri et al. (2014)
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9.2 RAINFALL-BASED DROUGHT MONITORING
Since any drought condition is the manifestation of the reduced precipitation
or depleted moisture content in the soil, rainfall based, drought indicators offer
direct and simple methods to monitor onset, expansion, and intensity of
drought situations. Because satellite rainfall products offer precipitation data
globally, it is convenient to use rainfall-based indicators for drought moni-
toring over national and international scales. Although several satellite-based
precipitation data sets are available, one of the requirements of FEWS NET is
that a rainfall product should be of high spatial resolution and available in
near-real time with reasonable accuracy.
Satellite-rainfall estimation (RFE) has been used by the FEWS NET since
1995 with the development of the RFE algorithm (Xie and Arkin, 1997).
Although the absolute accuracy of satellite rainfall varies by geographic
location and algorithm/sensor used (Huffman et al., 1997), the combination of
synoptic coverage of large areas and consistency in estimates (Xie and Arkin,
1997) has allowed the successful implementation of RFE for various agro-
hydrologic applications including drought monitoring (Verdin and Klaver,
2002; Senay and Verdin, 2003; Senay et al., 2012).
9.2.1 Standardized Precipitation Index (Multiscale Drought
Indicator)
The Standardized Precipitation Index (SPI) developed by McKee et al. (1993) is
a valuable tool for the estimation of the intensity and duration of drought events.
The SPI presents a rainfall anomaly as a normalized variable that conveys the
probabilistic significance of the observed/estimated rainfall. In simple terms,
SPI quantifies degree of wetness/dryness by comparing accumulated rainfall
over different time periods with the historical rainfall period. For example, a
6 month SPI for February 2014 will be generated by comparing September 2013
to February 2014 rainfall totals with historical totals for the Septembere
February time periods. By expressing anomalies in terms of their likelihood of
occurrence, it is easier to evaluate the rarity of the observed event, in the absence
of a nuanced understanding of the rainfall regime at a location. To evaluate the
likelihood of occurrence, probability distribution functions (PDFs) are fit at each
pixel for each accumulation interval. These PDFs are fit to the Collaborative
Historical African Rainfall Model (CHARM) (Funk et al., 2003), which pro-
vides a 36-year time series with which gamma distribution parameters are
estimated. The long-term 36 years of time series of daily precipitation grids with
wall towall coverage is produced by blending national weather predictionmodel
reanalysis fields, interpolated station data, and output from orographic models.
The CHARM data establish the shape of the distribution and provide an estimate
of the variance. The SPI index presents a better representation of abnormal
wetness and dryness than the Palmer indices (Guttman, 1999) (Figure 9.1).
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FIGURE 9.1 Africa-wide Standardized Precipitation Index (SPI) for the indicated accumulation
periods as of February 20, 2014.
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SPI can be produced for different accumulation periods at 10 km resolu-
tion. The dekadal (10-day) to 1-month SPI reflects short-term conditions, and
its application can be related closely to soil moisture; the 3-month SPI pro-
vides a seasonal estimation of precipitation; the 6-month SPI indicates
medium-term trends in precipitation patterns; and the 12-month SPI reflects
the long-term precipitation patterns, usually tied to stream flows, reservoir
levels, and even groundwater levels (NDMC, 2007). SPI data (updated for
every dekad) are available for Africa on the FEWS NET portal (http://
earlywarning.usgs.gov/fews/africa/index.php).
SPI values that are greater than 0 indicate conditions wetter than the
median, whereas negative SPI values indicate drier than median conditions.
For drought analysis, an SPI less than 1.0 indicates that the observation is
roughly a one-in-six dry event, and is termed “moderate.” An SPI less than
1.5 indicates a 1-in-15 dry event, and is termed “severe.” Values less than
2.0 are typically referred to as “extreme,” indicating the event is in the driest
2 percent of all events. Table 9.2 provides the classification/interpretation of
SPI values in terms of drought condition.
On a dekadal scale, it can be seen that much of central and southern Africa
are experiencing lower precipitation. However, on the one-monthly to three-
monthly time scales, SPI index values show <2 (severe to extreme
drought) over part of East Africa (Horn of Africa). Larger accumulation
periods (6e12 months) show positive SPI index values with only a few
pockets of east, central and southern Africa showing moderate drought
situations (negative SPI values).
9.2.2 Start of Season (Seasonal Drought Indicator)
In addition to producing SPI, one useful application of the RFE is to monitor
the “start of season” (SOS). In tropical regions where agricultural practices are
strongly tied to the arrival of the seasonal rains, the SOS is defined from field
experience in West Africa by researchers in AGRHYMET (AGRHYMET,
1996) as follows: soon after the dry season and beginning of the wet season,
the SOS is said to be established when a sum total of at least 25 mm of rainfall
has occurred in a given dekad (10-day period) and followed by a total of at
least 20 mm of rainfall during the following two consecutive dekads. The
information on the dry season and wet season is derived based on the a priori
knowledge derived from NDVI phenology information. The SOS anomaly is
produced as deviation of SOS from the average of the last 10 years. Although
the early arrival of SOS is not considered a hazard, the late arrival of SOS by
3 dekads or more signals a concern, especially in regions where the rainy
season is short, i.e., less than 90 days.
An example of SOS and SOS anomaly is shown in Figure 9.2(a) for the
Sahel Region of West Africa for the 2013 growing season. The SOS map
shows that the SOS generally starts earlier in the southern part of the region by
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TABLE 9.2 Classification/Interpretation of SPI Values in
Terms of Drought Condition Based on McKee et al. (1993)
SPI Value Drought Condition
<2 Extremely dry
2.0 to 1.5 Severely dry
1.5 to 1.0 Moderately dry
0.5 to 0.5 Near normal
1.0 to 1.5 Moderately wet
1.5 to 2.0 Very wet
>2.0 Extremely wet
FIGURE 9.2 (a) Onset of rains/start of season (SOS) and SOS anomaly images for 2013 derived
using rainfall estimates (RFE) data for West Africa. (b) Onset of rains/SOS and SOS anomaly
images for 2013 derived using RFE for Central America.
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April and progresses north until July. The corresponding SOS anomaly shows
that parts of northecentral Nigeria and southwestern Burkina Faso experi-
enced a delay of rainfall by more than 3 dekads in the season, signaling a
potential drought year leading to reduced crop growth and lower yield. Similar
examples of SOS and SOS anomaly are shown in Figure 9.2(b) for Central
America for the 2013 growing season. Currently SOS data are being
disseminated for Africa, Central America, and the Caribbean regions.
9.2.3 Monthly Dryness Indicators (Short-term Drought
Indicator)
Using RFE rainfall data, FEWS NET produces a suite of products to specif-
ically study duration, progression, and intensity of the short-term dryness
caused by the deficiency of precipitation. An indication of dryness condition,
particularly duration of the dryness can be studied by analyzing the number of
rainy or nonrainy days in a region. Hence FEWS NET produces a product that
shows number of rainy days (any day with >1 mm of rainfall) by analyzing
rainfall occurrence over the previous 30 days (from the current date)
(Figure 9.3(a)). This product provides information on the number of rainy days
for a region. Generally the higher the number of rainy days, the lower the
dryness. However, this product does not show the magnitude of rainfall (in
mm) received during a specified time period. The quantification of rainfall is
required to understand the condition of wetness/dryness. Figure 9.3(b) shows
the total accumulated rainfall over the last 30 days for Central Asia. The
accumulated precipitation in mm helps to identify regions that received deficit
rainfall over the last 30 days. Such regions are of interest to the FEWS NET as
further failure of rains over a prolonged period could lead to drought condi-
tions where humanitarian activities must be concentrated.
Furthermore, it is important to understand the distribution of rainfall. The
analysis of distribution of rainfall in terms of consecutive dry days or number
of days since a rain event over a specified time period would provide
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May 1 
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Jun 1 
Jun 2 
Jun 3 
>= Jul 1
No Start
N/A
>= 4 dekads late
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Yet to Start 
average
N/A
SOS AnomalyOnset of Rains
(2013-09-2)(2013-09-2)
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N
FIGURE 9.2 cont’d
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information on the intensity of dryness condition. Generally, the higher the
number of consecutive dry days, the higher the dryness intensity. Figure 9.3(c)
shows maximum consecutive dry days in the previous 30-day period as of
February 26, 2014. Similarly, Figure 9.3(d) shows the number of days since
rain in the previous 30-day period. Under various FEWS NET projects, data on
these short-term indicators of dryness are available for Africa, Central
America, the Caribbean, Mexico, the Middle East, and Central Asia.
9.2.4 Dekadal Dryness Indicator (Short-term Drought
Indicators)
Analyzing of dekadal rainfall accumulations and comparing them with the long-
term average rainfall for the same period provides useful information on the
short-term dryness. Figure 9.4 shows the rainfall accumulations, average
(a) (b)
(c) (d)
FIGURE 9.3 Monthlydryness indicators forCentralAsiaproducedbyFEWSNETasof the end
of February, 2014: (a): number of rainy day; (b) total accumulated rainfall; (c) maximum
consecutive dry days; (d) number of days since rain.
242 Hydro-Meteorological Hazards, Risks, and Disasters
FIGURE 9.4 Dekadal (10-day) RFE total and anomaly for the Iraq/TigriseEuphrates basin region for January 2014.
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dekadal and rainfall anomaly (deficit) for all the three dekads of January 2014.
This figure highlights regions with high rainfall deficits (>100 mm/dekad) such
as coastal regions of Syria, Lebanon, and Jordan (see SY, LE, and Jo in
Figure 9.4). Continuous monitoring of time series information on dekadal
rainfall accumulations and anomalies will further provide information on onset
and progression of drought/dryness conditions. Furthermore, such information
can be combined with other indicators such as NDVI or ET estimates by the
FEWS NET managers or stakeholders to assess the potential drought conditions.
Currently, dekadal dryness index information is being disseminated over Africa,
Central America, the Caribbean, Mexico, the Middle East, and Central Asia.
9.3 VEGETATION INDEX-BASED DROUGHT MONITORING
Generally, vegetation shows a lagged response to drought because of the
delayed vegetation response to developing rainfall deficits due to residual
moisture stored in the soil (Thenkabail et al., 2004). Theoretically, vegetation
response to water stress happens at two separate phases. First, the vegetation
responds to the initial short-term/temporary depletion of precipitation/soil
moisture through plant water conserving mechanisms that would reduce plant
water loss (transpiration) by the closure of stomata (Maselli et al., 2009).
However, such mechanism does not show external signs of stress as they do
not reduce plant biomass (vegetation condition) as seen by satellites (Running
and Nemani, 1988). However, when precipitation deficit is extended over
longer time periods, it often results in reduced photosynthetic activity and
subsequent reduction in vegetation condition (Maselli et al., 2009). Such
reduction in vegetation conditions can be monitored by the analysis of satellite
data. Vegetation indices have been extensively used for monitoring the impact
of drought on crop growth (Kogan, 1997; Peters et al., 2002; Ji and Peters,
2003; Rhee et al., 2010; Anyamba and Tucker, 2012).
9.3.1 Normalized Difference Vegetation Index (Multiscale
Drought Indicator)
Vegetation is constantly monitored for conditions of drought using the
Normalized Difference Vegetation Index (NDVI) (Tucker, 1979). This index is
computed using near-infrared (NIR) and red channels as.
NDVI ¼ ðrNIR  rREDÞðrNIR þ rREDÞ
(9.1)
where r represents the spectral reflectance at red and NIR bands. Because
NDVI can be affected by cloud and cloud contamination, the maximum NDVI
in a 10-day period (maximum NDVI composite) is used for a given pixel to
minimize the impact of clouds. Current operational drought monitoring for
FEWS NET is based on the maximum value composite image of the NDVI.
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Real-time and historical NDVI products are generated every 5 days for the
previous 10 days on a geographic mapping grid. For operational purposes,
FEWS NET uses the NDVI generated from the Moderate Resolution Imaging
Spectroradiometer (MODIS). These expedited products are known as “eMODIS”
and respond to operational land monitoring applications requiring near-real
time NDVI data for comparison against historical records (Jenkerson et al.,
2010). The eMODIS NDVI data archive (2001epresent) is available for
download from the FEWS NET data portal (http://earlywarning.usgs.gov/
fews/downloads/index.php?regionID¼af-e&productID¼1&periodID¼5).
A time series smoothing technique developed by Swets et al. (1999) was
used to smooth NDVI composites for the years 2001e2010. This technique
uses a weighted least squares linear regression approach to “correct” noise in
the NDVI data as a result of clouds or other atmospheric contamination. This
smoothed time series is used to derive a 10-year mean NDVI on a pixel-by-
pixel basis for each of 72 composite periods per year. As current-year com-
posites become available, they are added to the time series and smoothed,
resulting in a smoothed composite comparable to the historical mean for a
given 10-day period. As part of the MODIS standard product, a quality control
(QC) band is used to mask out the cloud-affected pixels. Finally, NDVI
deviations (anomaly) from the 10-year dekadal average and the previous dekad
are produced for each period. Spatial averages for crop districts are generated
for temporal traces and compared to average and pervious year performances.
Thus, the use of NDVI anomaly offers the simplest and most common vege-
tation index-based approach for detecting and monitoring droughts. The use of
anomaly isolates the variability in the vegetation signal and establishes
meaningful historical context for the current NDVI to determine relative
drought severity (Anyamba and Tucker, 2012). One of the assumptions in
using NDVI and NDVI anomaly is that there is no major land cover change
that would result in change in NDVI. Generally, the land cover change in the
agricultural (heterogeneous) landscapes is small and limited to a small region
that would correspond to a subpixel to pixel change in satellite data. On the
other hand, the objective of using NDVI anomaly is to identify negative
anomaly over expanse of large areas covering several tens of square kilome-
ters. Hence, small-scale changes in land cover will not affect the use of NDVI
anomaly for drought monitoring.
Figure 9.5 show eMODIS NDVI (left) and NDVI anomaly (right) in East
Africa for February 16e25, 2014. Although the NDVI distribution for the
period shows lower vegetation condition in the northern part of the region than
in the southern part, the NDVI anomaly is more meaningful to detecting
drought conditions since the large region includes different hydroclimatic
conditions with varying rainfall patterns and vegetation cover. Therefore,
according to the NDVI anomaly, assuming the absence of a major land cover
change in the region, northeastern Tanzania is at a greater drought risk than the
normally dry part of northern Sudan, despite the low NDVI. Currently, NDVI
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FIGURE 9.5 Drought monitoring using eMODIS NDVI (vegetation condition) and its anomaly (negative anomaly showing drought conditions) for the period of
February 16e25, 2014 in East Africa.
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and NDVI anomaly information is being disseminated over Africa, Central
America, the Caribbean, the Middle East, and Central Asia.
9.4 MODEL-DRIVEN DROUGHT INDICATORS
The FEWS NET decision support system produces the following model-
derived agro-hydrologic products for drought monitoring purposes: (1) crop
water satisfaction index or Water requirement satisfaction index (WRSI); (2)
soil moisture index; (3) ET anomalies; and (4) pond water levels. These
models are based on the physical principles of energy and/or mass (water)
conservation equations (Senay and Verdin, 2003; Senay et al., 2013a,b).
9.4.1 Water Requirement Satisfaction Index (Seasonal Drought
Indicator)
The Water Requirement Satisfaction index (WRSI) is an index developed by
the Food and Agriculture Organization of the United Nations (FAO) in the
1980s (FAO, 1986) to monitor seasonal crop performance. Verdin and Klaver
(2002) demonstrated a geospatial implementation of the FAO WRSI approach
in southern Africa. Senay and Verdin (2003) implemented a modified version
of the FAO WRSI model in an operational setup for routine application in
FEWS NET. The basic idea is to provide an index that shows the percentage of
the idealized crop water requirement that is met by rainfall during a crop
growing season. WRSI for a season is based on the water supply and demand a
crop experiences during a growing season. WRSI is calculated as the ratio of
seasonal actual ET (AET) to the seasonal crop water requirement (WR):
WRSI ¼ AET
WR
 100 (9.2)
where WR is calculated from the PenmaneMonteith potential ET (PET) using
the crop coefficient (Kc) to adjust for the growth stage of the crop as
WR ¼ PET  Kc (9.3)
AET represents the actual (as opposed to the potential) amount of water
withdrawn from the soil water reservoir (“bucket”). Whenever the soil water
content is above the maximum allowable depletion (MAD) level (based on
crop type), the AETwill remain the same asWR, i.e., no water stress. But when
the soil water level is below the MAD level, the AETwill be lower than WR in
proportion to the remaining soil water content (Senay and Verdin, 2003).
The soil water content is obtained through a simple mass balance equation
where the level of soil water is monitored in a bucket defined by the water
holding capacity (WHC) of the soil and the crop root depth:
SWi ¼ SWi1 þ PPTi  AETi (9.4)
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where SW is soil water content, PPT is precipitation, and i is the time step
index.
Themost important inputs to thismodel arePPTandPET. Apart from theRFE
estimates for precipitation estimates, FEWS NET at the USGS calculates daily
PET values for Africa at 1.0-degree resolution from 6 hourly numerical meteo-
rological model output using the PenmaneMonteith equation (Shuttleworth,
1992; Senay et al., 2008). In addition, the WRSI model uses relevant soil infor-
mation from the FAO (1986) digital soils map and topographical parameters
derived from HYDRO-1K digital elevation data (Gesch et al., 1999).
The WRSI calculation requires an SOS and end of season time (EOS) for
each modeling grid-cell. Maps of these two variables are useful in defining the
spatial variation of the timing of the growing season and, consequently, the
crop-coefficient function, which defines the crop water use pattern of crops.
The model determines the SOS using onset-of-rains based on simple precip-
itation accounting. As explained in Section 9.2.2, the onset-of-rains or start of
season is determined using a threshold (Agrhymet, 1996) amount and distri-
bution of rainfall received in three consecutive dekads. The length of growing
period (LGP) for each pixel is determined by the persistence, on average,
above a threshold value of 0.5 (Agrhymet, 1996) of a climatological ratio
between PPT and PET. Thus, EOS was obtained by adding LGP to the SOS
dekad for each grid cell. The WRSI model can simulate different crop types
(maize (corn), sorghum, millet, and wheat) whose seasonal water use pattern
has been published in the form of a crop coefficient.
At the end of the crop growth cycle, or up to a certain dekad in the cycle,
the sum of total AET and total WR are used to calculate WRSI in a geographic
information system environment at 0.1-degree (about 10-km) spatial resolu-
tion. A case of “no deficit” will result in a WRSI value of 100, which corre-
sponds to the absence of yield reduction related to water deficit (FAO, 1986)
and a seasonal WRSI value less than 50 is regarded as a crop failure condition
(Smith, 1992).
Yield reduction estimates based on WRSI contribute to food security pre-
paredness and planning. As a monitoring tool, the crop performance indicator
can be assessed at the end of every 10-day period during the growing season.
As an early warning tool, EOS crop performance can be estimated using long-
term average meteorological data.
Due to the difference in the growing season, WRSI maps are generated and
distributed on a region by region (e.g., the Sahel, southern Africa, and Greater
Horn of Africa regions), using dominant crops as indictors for a given region.
At the end of every dekad, two image products associated with the WRSI are
produced and disseminated for the FEWS NET activity. Figure 9.6 shows the
WRSI (left) and WRSI anomaly (right) over the southern Africa region for
the 2012e2013 growing season, which spans from September to May in the
different parts of the region. Currently, WRSI information is being dissemi-
nated over Africa, Afghanistan, Central America, and the Caribbean.
248 Hydro-Meteorological Hazards, Risks, and Disasters
FIGURE 9.6 Modeled water requirement satisfaction index (WRSI) data (left) andWRSI anomaly data (right) for maize crop over southern Africa for 2012e2013
season.
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9.4.2 Soil Water Index (Short-term Drought Indicator)
Soil Water Index (SWI) is developed from daily accounting of the input rainfall
and ET losses in a control-volume defined by the soil WHC in a given
modeling pixel (Senay and Verdin, 2003). SWI is computed as:
SWI ¼ SWi
WHC
 100 (9.5)
where SW is the soil water for the particular dekad i, and is calculated using
Eqn (9.4)
The available soil water level is expressed as a percentage of the WHC.
SWI values are qualitatively classified as wilting (when SWI 10%), stress
(10e50), satisfactory (50e90), and sufficient (90e100). For drought moni-
toring purposes pixels within the wilting class receive attention when the 7-day
rainfall forecast is dry. Figure 9.7 shows that although much of southern Africa
is under satisfactory or sufficient condition during the first dekad of February;
the eastern part of South Africa and western Angola are under wilting con-
ditions, indicating the need for increased rainfall for these areas. Currently,
SWI information is being disseminated over Africa, Central America, and the
Caribbean regions.
DR Congo
Tanzania
Zambia
Zimbabwe
South
Africa
Botswana
Namibia
Angola
Swaziland
FIGURE 9.7 Soil water index (SWI) for maize crop over southern Africa. As of February 2014,
western Angola, northwestern Namibia, northeastern South Africa, parts of Swaziland, and the
southern tip of Mozambique show drought (crop wilting) conditions.
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9.4.3 Evapotranspiration (Multiscale Drought Indicator)
Evapotranspiration (ET) is an important component of the water cycle and is
composed of two-subprocesses: evaporation from soil and vegetation surfaces
and transpiration that consists of the exchange of moisture between the plant
and atmosphere through plant stomata. Because ET can be difficult to measure
accurately, especially at large spatial scales, several hydrological modeling
techniques have been developed to estimate actual ET using satellite remote
sensing. In general, the ET modeling techniques can be grouped into two broad
classes that include models based on surface energy balance (e.g., Bas-
tiaanssen et al., 1998; Bastiaanssen et al., 2005; Su et al., 2005; Allen et al.,
2007; Anderson et al., 2007; Senay et al., 2007) and water balance (e.g., Allen
et al., 1998; Senay, 2008) principles.
Although water balance models focus on tracking the pathways and
magnitude of rainfall in the soil-vegetation system, most remote sensing
energy balance models use land surface temperature (LST) as a primary
constraint in partitioning radiant energy available at the surface between heat
and water fluxes. Senay et al. (2013a) formulated an Operational Simplified
Surface Energy Balance (SSEBop) approach that is now widely applied by
FEWS NET to monitor and assess drought conditions and relative crop per-
formance across varied hydroclimatic regions. One of the main drivers of the
SSEBop ET algorithm is the LST, which is obtained from sensors such as
MODIS or Landsat. Broadly, SSEBop ET algorithm can be explained using
following equations:
ETa ¼ ETf  kETo
where ETo is the grass reference ET for the location estimated using Penmane
Monteith equation (Allen et al., 1998; Senay et al., 2008) with weather
parameters derived from weather stations or model assimilated global fields
(Kanamitsu, 1989); k is a coefficient that scales the grass reference ET into the
level of a maximum ET experienced by an aerodynamically rougher crop
(k¼ 1.2). ETf is the ET fraction that is derived as
ETf ¼ Th Ts
dT
where ETf is the ET fraction (0e1); dT is a temperature difference between the
hot/dry and cold/wet reference boundary conditions that are predefined (from
clear-sky radiation balance calculation); dT is unique for each day and pixel,
ranging generally between 5 and 25 k depending on location and season; Th is
the hot/dry reference boundary condition, representing the temperature of a
dry-bare (hot) surface (Th¼ Tcþ dT); Tc is the cold boundary condition,
representing the cold/wet-vegetated surface, which in equilibrium with the air
temperature i.e. all net radiation is used for latent heat flux. Tc is derived as a
fraction of the air temperature (obtained from station or gridded weather fields);
Ts is the LST, derived from satellite thermal data such as Landsat or MODIS.
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The model has been used to produce 1 km ET using a 14-year MODIS data
set over the CONUS, Africa, and Southeast Asia. For drought monitoring pur-
poses, ETand their anomalies are calculated for a given accumulation period that
is appropriate for the growing season. Figure 9.8 shows the spatial distribution of
annual ETanomaly as a fraction of the average (2003e2013) for the 2012 season
showing the severity and extent of drought in various parts of the world, with a
prominent drought condition in the central United States. Figure 9.8 shows a new
global ET anomaly product that will be operationally posted for global moni-
toring. Currently, ET data are being disseminated over Africa, and Central Asia.
A dekadal global ET and ET anomaly product is also being produced. This
dekadal product will be made available on the FEWS NET data portal.
9.4.4 Water Levels (Short-term Drought Indicator)
Precipitation and vegetation cover influence runoff generation and the
behavior of the water body (Hass et al., 2011). Information on the availability
of surface water resources is not only a direct indicator of drought condition
but also a measure of how livelihoods (including agricultural activities and
ecosystem) are affected by climate variability and how resilient they are for
droughts and floods. Monitoring water level in small to medium surface water
bodies across arid to semiarid regions provides indications of the drought
situation such as water availability and vegetation condition. Although other
drought indicators discussed earlier in the chapter provide information on
ecosystem response to drought condition, water levels will provide informa-
tion on the direct impact of drought to human and pastoral livelihoods.
In order to strengthen existing and already established drought monitoring
and assessment activities in Africa, FEWS NET has initiated a large-scale
project to monitor small to medium surface water bodies in Africa (Velpuri
et al., 2014). Under this project, high spatial resolution satellite data (30-m
Advanced Spaceborne Thermal Emission and Reflection Radiometer
(ASTER) and 90-m Shuttle Radar Topography Mission Digital Elevation
Model) are integrated with coarser intermediate resolution, globally available,
satellite-driven data sets (25-km Tropical Rainfall Measuring Mission and
100-km Global Data Assimilation System reference ET) for operational
modeling of the condition of water points (water levels) using a water balance
approach (Velpuri et al., 2012; Velpuri and Senay, 2012; Senay et al., 2013b).
This project is further planned to cover entire sub-Saharan Africa
(Figure 9.9). Operational monitoring of water levels is currently available for
Ethiopia and Kenya. Up to date information and historical data (since 1998) on
daily rainfall, evaporation, scaled depth and condition of the each water point
in East Africa (Kenya and Ethiopia) are currently being disseminated online in
near-real time (http://watermon.tamu.edu). Work is currently in progress to
expand operational monitoring to Somalia, South Sudan, Sudan, Chad, Niger,
and Mali.
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FIGURE 9.8 Global ET anomaly (%) product produced by SSEBop approach for 2012 at 1 km resolution.
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9.5 HAZARD OUTLOOK (SHORT-TERM DROUGHT
BULLETIN)
FEWS NET food security analysts rely on a convergence of evidence to make
drought and food security assessments (Rowland et al., 2005). Based on the
information generated from multiple indicators, FEWS food security analysts
at the NOAA Climate Prediction Center (CPC) produce hazard outlooks on a
weekly basis. These outlooks serve as short-term drought bulletins distributed
to the regional and national partners for efficient hazard management. The
hazard outlook maps are generally based on current weather and climate
conditions synthesized from multiple indicators. For example, Figure 9.10
shows the hazard outlook for Africa identifying areas of severe drought,
drought and short-term dryness in regions of southern Africa. These areas are
identified based on the information obtained and supported by evidence from
other indicators produced by FEWS NET and its partners. The severe drought
and drought regions illustrated in Figure 9.10 are supported by the evidence
provided by NDVI anomaly, crop WRSI, SWI, and ET anomaly. These hazard
outlooks assesses potential impact of the hazard on crop and pasture condi-
tions. These hazard outlooks are created by consulting various products
through a consensus reached by a convergence of evidence from products and
FIGURE 9.9 FEWS NET water level monitoring initiative in sub-Saharan Africa. Detailed
information on the water monitoring approach is provided in Senay et al. (2013b) and Velpuri et al.
(2014).
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NDVI Anomaly WRSI
SWI ETa Anomaly
Africa Hazards Outlook 
As of end of May, 2013
Crop WRSI
Maize: 2013-05-3
SWI (% WHC)
Maize: 2013-05-3
ETa Anomaly (%)
NDVI Anomaly
(a) (b) 
(d) (c)
FIGURE 9.10 The Hazard Outlook for Africa (May 2013) generated by the convergence of evidence using FEWS NET drought indicators shown on the right.
(a) NDVI e Normalized Difference Vegetation Index; (b)WRSI e Water requirement satisfaction index; (c) SWI e soil water index; (d) ETa e actual
evapotranspiration.
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field reports and discussions among FEWS NET stakeholders from USGS,
NOAA, NASA, and the United States Department of Agriculture as well as
other partners. The hazard outlooks are currently available online for Africa,
Afghanistan, and Central America countries. Hazard Outlooks are made
available on the NOAA CPC Web site (http://www.cpc.ncep.noaa.gov/
products/fews/briefing.html).
9.6 VALIDATION OF DROUGHT INDICATORS
All of the drought indicators and modeling approaches presented in this chapter
are validated through independent data sets. For example, RFE rainfall data
used to produce drought indicators has been thoroughly validated by several
researches in Africa (Laws et al., 2003; Dinku et al., 2008; Thiemig et al.,
2012); the African rainfall model (CHARMS) used in the production of SPI
has been independently validated by Funk et al. (2003). The validity of NDVI
and NDVI anomaly products for monitoring the impact of drought on crop
growth has been previously demonstrated by several researchers (Kogan, 1997;
Peters et al., 2002; Ji and Peters, 2003; Rhee et al., 2010; Anyamba and Tucker,
2012). Validation of WRSI and SWI products against the crop yields collected
from the water-limited and water-unlimited districts in Ethiopia was carried out
by Senay and Verdin (2003). Velpuri et al. (2013) performed a comprehensive
validation of the ET estimates produced by the SSEBop modeling approach
(Senay et al., 2013a) using data from 60 point flux tower eddy covariance
stations (data from 221 station months) in the US. The ET estimates were also
compared with other global ET data sets and water balance ET (Velpuri et al.,
2013) such as MODIS ET data (Mu et al., 2011) and Max Planks Institute’s ET
data (Jung et al., 2011). The validation results indicated that remote sensing
based ET data sets (such as SSEBop ET) can be reliably used for hydrologic
applications such as drought monitoring. The water-level monitoring approach
presented by Senay et al. (2013b) has already been tested using in situ gauge
measurements in East Africa (Senay et al., 2013b). The validation of modeled
water levels with field-installed gauge data demonstrated the ability of the
model to capture both the spatial patterns and seasonal variations.
9.7 SUMMARY AND CONCLUSIONS
This chapter presents examples of how remote sensing and hydrologic
modeling techniques are being used by FEWS NET to assist decision support
processes for drought-related hazard assessment, monitoring and management.
Regions monitored by the FEWS NET are illustrated in Figure 9.11. All of the
products produced under the FEWS NET are available for download from the
FEWS NET data portal (http://earlywarning.usgs.gov/fews/index.php#DATA
%20PORTALS). The list of drought monitoring indicators and their avail-
ability in various geographical regions is provided in Table 9.3.
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TABLE 9.3 Drought Monitoring Activities/Products Generated by FEWS
NET
Drought
Monitoring
Indicators Africa
Central
America Caribbean Mexico
Middle
East
Central
Asia Global
1. Rainfall based
SPI Y e e e e e e
SOS and EOS Y Y Y e e e e
Dekadal RFE
and anomaly
Y e e e Y Y e
Short-term
dryness
indicators
Y Y Y Y Y Y e
2. Vegetation-index based
NDVI Y Y Y e Y Y e
3. Model based
SWI Y Y Y e e e e
WRSI Y Y Y e e e e
ET Y Y* Y* Y* Y* Y Y*
Water levels Y e e e e e e
Y*- will be available in near future as part of global product.
FIGURE 9.11 Regions where FEWS NET drought monitoring products are available.
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The FEWS NET activities have used remote sensing satellite data to
monitor drought and famine since the late 1980s. NDVI was first used to
monitor the green-up in sub-Saharan Africa and to detect anomalous vegeta-
tion conditions. Currently, NDVI and NDVI anomaly information is being
disseminated over Africa, Central America, the Caribbean, the Middle East,
and Central Asia. Since 1995, satellite-derived rainfall estimates have been
used to identify rainfall-based drought indicators. The SPI index is produced
currently for Africa. However, other rainfall-based drought indicators such as
SOS, and monthly and dekadal indicators are available for other regions
(Table 9.3). With the availability of information on crop phenology from
NDVI and precipitation, agro-hydrologic models were developed to monitor
the extent and severity of drought hazard. The WRSI crop model is applied to
Africa, Central America and Caribbean regions for a variety of crops during
their growing seasons. Other model-based indicators such as SWI and ET are
also being produced and disseminated for other regions. FEWS NET water
level monitoring is being focused mainly on sub-Saharan Africa. The choice of
producing an index for a country or region is often based on the requirement
by the donor agency and availability of products.
Early detection and early warning of drought must be persuasive enough to
overcome the risk- avoidance behaviors of decision makers in responsible
organizations such as national governments, donor agencies, international
organizations, and nongovernmental organizations (Cutler, 1993). It is for this
reason that FEWS NET food security analysts rely on a convergence of evi-
dence to make drought and food security assessments (Rowland et al., 2005).
No single source of information is sufficiently authoritative and comprehen-
sive to identify potential famine (and drought) area alone (Mason et al., 1987;
Kelly, 1993). Therefore, FEWS NET monitors drought situations using a range
of drought indicator products and methods. Conclusions on the drought situ-
ations are made most confidently when many or all factors indicate a similar
situation of dryness in a region. Any reduction of ambiguity associated with
data and information used by FEWS NET contributes to confidence in food
security assessments and an improved linkage between early warning and
early response.
The main objective of this chapter was to present a summary of an oper-
ational practice that uses a combination of remotely sensed data and hydro-
logic modeling for monitoring and assessing drought hazards. With the
availability of global data sets such as satellite-based rainfall, NDVI and land-
surface temperature, the FEWS NET decision-support system demonstrated
the effective application of satellite-derived data and products for monitoring
drought conditions worldwide. With the principle of convergence of evidence,
the onset, extent and severity of drought can be detected early in the season
and monitored throughout the year for mitigating the potential impact of
drought hazard on food security and agricultural markets worldwide. FEWS
NET drought monitoring system has the capability to assess and summarize
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drought risks at an administrative level, which can be approximated by an area
of around 400 km2 for most FEWS NET countries. The drought-hazard
monitoring approach perfected by USGS FEWS NET through the integra-
tion of satellite data and hydrologic modeling can form the basis for similar
decision support systems at a national level for producing reliable and useful
information that is regional in scope and relevant for local, district-level, de-
cision making.
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